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Abstract 
In recent years, the negative environmental impact of consumers' dietary habits has become more visible. 
Accordingly, in-store interventions to promote more sustainable (e.g., organic) food choices have received 
increased scholarly attention. Thereby, online grocery shopping is gaining momentum as web-applications 
provide decision support tools such as real-time spending feedback (RSF). Building on budgeting and 
spending literature, this study provides initial insights on the impact of RSF on consumers’ organic food 
choices in online supermarkets. Using a free simulation experimental approach, we were able to track 
participants’ real grocery shopping behavior within a realistic online shopping environment. Within a 
baseline (no RSF) and an intervention (RSF) condition (between subject design), we show that RSF 
facilitated participants to stay within their budget and significantly reduced underspending. Somewhat 
surprisingly in response to the RSF, participants who usually buy fewer organic products purchased 
significantly more organic food items, both in absolute and relative terms. 
Keywords 
Sustainable consumption, real-time spending feedback, decision support, digital nudging. 
Introduction 
Due to the negative environmental impact of the predominant dietary patterns in western countries, there 
is a controversial debate about the role of policies in promoting “better” food choices for the consumer, the 
environment, and the society at large (e.g., Reisch et al. 2013). As most purchasing decisions for groceries 
take place in supermarkets (i.e., in-store), public and private institutions aiming to alter consumers’ food 
choices have become interested in in-store interventions (e.g., Hartmann-Boyce et al. 2018). In this article, 
the term “in-store” does not refer exclusively to physical brick-and-mortar but also to online stores. 
Typically, food-related purchases in a supermarket are frequently repeated decisions with a habitual nature 
and without a high level of involvement. Moreover, as consumers are surrounded by numerous 
environmental cues, decisions are made “fast and frugal” and consumers sometimes unconsciously react to 
even “seemingly irrelevant” (Thaler 2016) factors like product arrangements—even if they are aware of 
these (Cohen and Babey 2012; Turley and Milliman 2000). Therefore, a store’s micro-environment provides 
grounds for the development, evaluation, and implementation of policy interventions aiming to promote 
more sustainable food choices (Escaron et al. 2013; Liberato et al. 2014). Thereby, online grocery shopping 
is gaining momentum for  multiple reasons: it (i) is becoming an increasingly more important retail channel 
(Anesbury et al. 2016), (ii) offers numerous customization and design options for “choice architects” (Thaler 
et al. 2014), and (iii) offers innovative decision support tools. 
However, despite the growing interest in e-grocery research (e.g., Anesbury et al. 2016; Benn et al. 2015; 
Martín et al. 2019; Shin et al. 2019), only little is known about how different “micro-environmental design 
choices” impact consumers’ online purchase behavior for groceries (Anesbury et al. 2016; Huyghe et al. 
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2017). For instance, in traditional brick-and-mortar stores, consumers do not receive any feedback about 
the price of their shopping cart until checkout. Simultaneously, a stimuli-rich supermarket necessitates a 
lot of cognitive effort to keep track of actual in-store spending (Sheehan and van Ittersum 2018). Research 
on in-store spending thus proposes that consumers predominantly adapt mental computing strategies to 
approximate the price instead of trying to calculate the price of their total shopping cart to the cent (van 
Ittersum et al. 2010). As these mental computing strategies are less accurate and prone to errors, consumers 
are less confident about their total spending (van Ittersum et al. 2013).  
In contrast, virtual shopping carts (VSC) offer some advantageous functions including real-time spending 
feedback (RSF). Even the most simplistic shopping cart software enables consumers to accumulate all want-
to-buy products in a list and automatically provides key information like the price and the quantity of each 
chosen item as well as the total price of the shopping cart (i.e., RSF). Initial empirical results indicate that 
under these conditions consumers should struggle less with estimation biases (van Ittersum et al. 2013). In 
turn, this can have an impact on consumers’ purchasing behavior, e.g., by increasing total spending as well 
as spending for higher-priced and hedonic products (Sheehan and van Ittersum 2018; van Ittersum et al. 
2013). Therefore, the question arises to what extent a RSF could be part of a digital nudging intervention 
(e.g., Lembcke et al. 2019) to enable online grocery shoppers to make more sustainable food choices. 
However, to the best of our knowledge, no research exists that investigates the impact of VSC on consumer’s 
pro-environmental consumption patterns. This study makes an initial contribution to fill this gap by 
investigating how a real-time spending feedback mechanism affects food choices in terms of total spending 
and basket share of organic products bought by budget shoppers. 
To capture these variables, we are using a free simulation experimental approach (e.g., Demarque et al. 
2015). For this purpose, an experimental web-based online shopping platform was developed. Using the 
websites of the leading supermarket providers in Germany for orientation, the tool’s front-end was designed 
to emulate the store design and functions (e.g., navigation tools) of a fictitious online supermarket.  
Theoretical Background 
Estimation Bias and Spending Uncertainty  
According to Bénabou and Tirole (2004), budgeting describes a behavior whereby individuals earmark a 
certain amount of their income into mental accounts for specific uses; for instance expenditures for food, 
housing, or leisure activities. Applied to the context of our study, we have defined budget buyers as 
consumers who have an explicit budget in mind while shopping in a supermarket, which they do not want 
to exceed or fall short of (van Ittersum et al. 2013). Mental accounting research has shown that such a 
behavioral pattern alters budget shoppers’ in-store decision-making in multiple ways (Heath and Soll 1996; 
Thaler 1985). One factor is that individuals do not have knowledge about their actual in-store spending and 
are not able to calculate the total price of their shopping cart at any time (van Ittersum et al. 2010). 
Consequently, it is difficult for budget shoppers to utilize their entire budget. Instead of calculating the exact 
value of their shopping cart, consumers tend to use simple mental computation strategies to approximate 
total spending. This results in less confident, less accurate, and more biased calculations, i.e., estimation 
biases (Chandon and Wansink 2012). 
Against this background, we are following van Ittersum et al. (2013) and hypothesize that implementing a 
real-time spending feedback mechanism in our experimental online supermarket will reduce the perceived 
difficulty of spending tracking among budget shoppers: 
H1: RSF decreases budget shoppers perceived difficulty of keeping track of their spending. 
The Pain of Paying and its Impact on Spending 
However, as illustrated by van Ittersum et al. (2010), mental computing strategies to track in-store spending 
do not only result in a higher spending uncertainty, but also have a lowering impact on total spending. 
Mental accounting research suggests that consumers have to deal with so-called “pain of paying” during a 
shopping trip (Loewenstein and Lerner 2003). This refers to perceived emotional distress when thinking 
about spending money, which is rooted in consumers’ perceptions of opportunity costs. To what extent 
consumers experience pain of paying depends on their internal reference points. Whereas this reference 
point is always zero (i.e., no spending) for non-budget shoppers, budget shoppers assess the opportunity 
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costs of their in-store spending in reference to their self-set budget. Spending an amount of money for one 
product means there is less scope for other purchases during the same shopping trip (Sheehan and van 
Ittersum 2018; Soster et al. 2014).  
Moreover, van Ittersum et al. (2013) suggest that budget shoppers consider products they do not consider 
affordable as forgone gains, whereas overspending is associated with losses. Due to individuals’ tendency 
to prefer avoiding losses over acquiring equivalent gains (loss aversion; e.g., Kahneman and Tversky 1979), 
budget shoppers who are uncertain about their total spending should try to avoid overspending rather than 
underspending. Therefore, one common strategy is to build a “safety margin” when using mental computing 
strategies to track in-store spending. This margin represents an amount of money within an explicit budget 
that a consumer is not willing to spend in order to minimize the risk of overspending. In other words, the 
individual subjectively evaluates the risk of exceeding the allocated budget with a monetary value (van 
Ittersum et al. 2013). In that regard, we expect that a RSF decreases consumers’ perceived spending 
uncertainty and makes usage of a “safety margin” obsolete (Sheehan and van Ittersum 2018; van Ittersum 
et al. 2013). In consumers’ perception, this is equivalent to an increase in their financial leeway. Hence, we 
hypothesize that an RSF mechanism will also have a significant positive impact on participants’ in-store 
spending generosity: 
H2: RSF a) decreases underspending and b) increases total spending among budget shoppers. 
Impact on Product Choices 
In order to avoid negative consequences associated with pain of paying and overspending, budget shoppers 
tend to be very price salient and price sensitive (Raghubir and Srivastava 2008; van Ittersum et al. 2013). 
Consequently, both factors alter budget shoppers’ relative spending-patterns: Budget shoppers are less 
likely to buy the relatively expensive products within a product category. Accordingly, they often find 
themselves in situations where they have to find lower-priced substitutes for the higher-priced products 
that they could afford without budget constraints (Sheehan and van Ittersum 2018); for instance, replacing 
a preferred organic cheese with a similar lower-priced but non-organic product of the store brand.  
However, initial empirical results suggest that this behavioral pattern can be influenced by using RSF to 
draw consumers' attention to their in-store spending (Sheehan and van Ittersum 2018; van Ittersum et al. 
2007; van Ittersum et al. 2013). For instance, within two lab and one field study van Ittersum et al. (2013) 
find evidence that budget shoppers who received a RSF increased their spending by reducing the share of 
lower-priced products from store brands and by increasing the share of higher-priced products from well-
known national brands in their shopping cart in return. This decline in consumers' price sensitivity can be 
explained by the fact that budget shoppers interpret their newly won financial leeway as an unexpected 
gain. Yet, besides these initial empirical insides (e.g., Sheehan and van Ittersum 2018; van Ittersum et al. 
2010), it is fairly unknown what kind of products profit from this “budget boost”. 
Due to the widely cited intention-behavior gap for organic food purchases, it is worth investigating whether 
this effect can also be harnessed to promote sustainable consumption. One expression of this phenomenon 
is that many consumers express highly positive intentions with regard to consuming products of organic 
origin. In contrast, these purchasing intentions are not mirrored in the sales figures for organic products. 
Even though sales of organic products have increased fivefold in the last two decades, the global market 
share of organic products totals on average less than five percent (Frank and Brock 2018). Because of 
contradictory empirical results and a lack of behavioral data, much of this gap remains unexplained. The 
existing literature on consumer research largely deals with reported or hypothetical purchases, while 
empirical evidence on incentive-compatible purchase behavior is lacking (Frank and Brock 2018).  
However, a frequently reported reason hindering consumers from buying organic food is its price 
(Aschemann-Witzel et al. 2013; Buder et al. 2014). Indeed, considering conventional food as a benchmark, 
there is a price premium for organic food on average. Based on the theoretical and empirical foundations 
from spending tracking literature, we expect that without receiving RSF, budget shoppers – and especially 
those with positive purchasing intentions for organic products – are more price-sensitive than they need to 
be. Thus, a real-time spending feedback could support consumers to follow their preferences and increase 
organic product sales. We will analyze this effect based on the following hypothesis:  
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H3: RSF increases a) the number organic food items purchased, b) the share of organic items in the 
shopping cart, as well as c) the absolute and d) relative spending on organic food items among 
budget shoppers. 
Design and Procedure  
The experiment took place in a university laboratory of behavioral economics in September 2019. Using a 
pool of university students, participants were recruited via the web-based online recruitment system 
ORSEE (Greiner 2004). Participants did not have any prior knowledge about the experiment and were 
allowed to participate in only one session. Each session lasted approximately 30 minutes. In total, 97 
participants took part in this experiment (MAge = 20-29; 46 % women). In fact, 100 subjects participated in 
total. However, we excluded three participants’ data with overspending of more than 50 percent (above 45 
Euro) due to the assumption that they had either not understood their budget or made unintentional errors 
that resulted in major overspending. For participation, each subject received a guaranteed payment of 5 € 
(show-up fee).  
Shopping Task 
The task was to shop for products on a predetermined shopping list in our experimental online grocery, 
store. The shopping list contained eight broad and common product categories (e.g., bakery products, meat, 
cheese). Participants were asked to shop for at least two products per category and to choose products they 
would actually like to purchase. While shopping, subjects could view their shopping list at any time by 
clicking a special button labelled “shopping list”. The shopping list was randomized to avoid having the 
order of the shopping list affect their purchasing patterns. If subjects tried to end their shopping trip before 
all required products had been added to shopping cart, a notification massage appeared. This notification 
indicated the categories from which products were still missing and asked participants to continue their 
shopping. Moreover, participants were informed that they receive a budget of 30 € for their shopping. Other 
than that, they received no further directions on what to shop for. 
In order to increase the external validity of our experimental design and encourage the expression of true 
preferences, the experiment was incentive compatible: Subjects were informed that if they do not 
overspend, they would be part of a lottery at the end of the experiment. In this case, there was a 20 percent 
chance of winning their purchase in form of an actual shopping cart. Moreover, participants were told that 
if they do not spend their entire budget, in case of winning they would receive their purchased groceries 
and the remaining budget in cash. In doing so, we created a set-up in which subjects had to seriously 
consider how to spend their money. Because all participants had a 1-in-5 chance to win all product selected 
during the experiment, there was an incentive to reveal their preferences truthfully. Choosing a product 
that one does not like is therefore linked to the risk of having to take it home at a price that is higher than 
the value for the consumer and vice versa.  
After all participants finished the task, they were given a post-experimental questionnaire. Next, a computer 
program randomly determined which participant won his/her shopping cart. Last, all participants received 
a notification about whether or not they had won the lottery. All winners received a verification code that 
allowed them to pick up their purchases at a downtown supermarket. Within this basic set-up, participants 
were randomly assigned to either a baseline or a treatment condition described below.  
Interventions 
No RSF (Baseline): Participants in this treatment did not receive any RSF (see left side of Figure 1). The 
implemented shopping cart application displayed a small dynamic cart icon in the upper right corner of the 
product page header. This dynamic icon provided three basic functionalities for consumers: (i) it notified 
him/her when a new item was added to the shopping cart, (ii) it showed the number of total items in the 
cart, and (iii) it provided a link to the full-page cart. On this separate page, subjects had the opportunity to 
edit their cart before continuing to shop or proceeding to the checkout page. Again, only the names and the 
amount of their chosen items were displayed on the full-page cart. Consequently, participants’ total 
spending was displayed for the first time at checkout, where editing was no longer possible.  
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RSF via VSC (Intervention): The intervention treatment was identical to the baseline, except for the 
difference that subjects found all details of their potential transactions (including prices) in the full-page 
cart (see right side of Figure 1). There, they also had the opportunity to edit their cart before continuing to 
shop or proceeding to the checkout page.  
Measures 
As primary outcomes, participants purchasing data – namely the total spending and the number of products 
in each participant’s shopping cart, the share of organic products bought as well as the percentage of 
revenue spent for organic products – was recorded. Besides these objective behavioral measures, we used 
a post-experimental questionnaire (see Table 1) to gain further subjective data. We used this non-behavioral 
data for manipulation checks (H1) as well as to understand and explain the decisions of participants in 
greater detail. First, participants were asked about the effort they had put in for the task (TE). Additionally, 
three items asked participants about their perception on the task’s difficulty (TD1-3). For our analysis, we 
conducted a confirmatory factor analysis (CFA) for TD1-3 and – with respect to the factor loading values – 
calculated a weighted sum index score out of these three items (TDI). For our analyses, we used both IBM 
SPSS Statistics 26 and R version 3.6.1. 
 
 
Figure 1. No RSF Baseline (Left) and RSF via VSC Intervention (Right) Screenshots  
Notes. Screenshots exhibit the virtual shopping cart and have been translated from German. 
 
Figure 2. Subjects Total Spending per Treatment 
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Furthermore, based on the Theory of Planned Behavior, three sub-constructs were measured: attitudes 
towards organic products (ATI), the subjective norm (i.e., social influences of the interviewees’ social and 
peer group; SNI) and the perceived behavioral control to actually shop organic products (PBCI). For these 
sub-constructs, a CFA was conducted as well, revealing a sufficient internal validity of our three respective 
items per sub-construct (DiStefano et al. 2009). The respective items of a sub-construct were sum-weighted 
according to their factor loadings as well. The three sub-constructs, in turn, served as the basis for our 
overall organic purchasing intention (OPI) index. Therefore, we conducted a second CFA, this time between 
the three sub-constructs and one overall OPI index. The three sub-constructs demonstrated sufficient 
composite reliability to form an overall OPI and the OPI was, again, calculated by a weighted sum score of 
the three sub-constructs, with the factor loadings serving as weights (DiStefano et al. 2009). Table 1 
summarizes the constructs including their composite reliability (CR) and average variance (AVE) extracted, 
as well as the items and measured factor loadings. All constructs exhibited sufficient CR (> .80) and AVE 
(> .50) with respect to the levels proposed by Urbach and Ahlemann (2010). 
Results 
All participants stated that they had made a serious effort to keep track of their spending (TE: T0 = 5.19 vs. 
T1 = 5.27). However, in line with our first hypothesis, participants who received no real-time spending 
feedback perceived this task on average as much more difficult (TDI: T0 = 5.45 vs. T1 = 4.01). A Mann-
Whitney-U-Test determined that the observed difference in perceived task difficulty to be statistically 
significant (U = 506.000, p < 0.001) for a positive and large effect (d = 1.127; Cohen 1992). Thus, the 
findings support our first hypothesis (H1). At first glance, this difference in perceived task difficulty does 
not manifest in spending differences between shoppers who received real time-spending feedback and those 
who did not. Under both conditions, participants spent on average about 86 percent of their budget (T0 = 
25.8 € vs. T1 = 25.9 €). Nevertheless, there are large differences in the level of under- and overspending 
between our baseline and our intervention condition (see Figure 2). While all but one subject who received 
RSF (T1) remained within budget, 25 percent of subjects in T0 overspent. Moreover, the average 
underspending was significantly lower if subjects received RSF (T0 = 6.49 € vs. T1 = 4.15 €; U = 572.000, 
p < 0.05). According to Cohen (1992), the effect size d = 0.601 corresponds to a medium effect. Moreover, 
an ordinary least squares regression confirmed that participants’ underspending increases the more 
difficult they consider the task (B = 0.61, p < 0.05). These results support H2a but not H2b. Next, we focus 
on the effect of a RSF on consumers’ product choices: First, it is noticeable that participants have – on 
average – purchased neither significantly more items in total (T0 =19.8 vs. T1=20.0; U=1163.000; p>0.1) 
nor more different items (T0=18.9 vs. T1=18.7; U=1090.000; p>0.1) in response to the RSF. However, with 
regard to organic food, it can be observed that all participants purchased on average only a few organic 
items (2.3), representing on average 12.1 percent of their purchase. However, as shown in Table 2, the data 
indicate significant differences between our control and our interventions condition for all four observed 
dependent variables. In response to the RSF, participants purchased on average significantly more organic 
food items in absolute (number of organic items purchased: T0 = 1.83 vs. T1 = 2.77; U = 867.500, p < 0.05) 
and relative terms (share of organic products in total shopping cart: T0 = 9.6% vs. T1 = 14.6%; U = 
1483.500, p < 0.05). Furthermore, they spent on average significantly more money on organic food items 
in comparison to their total spending (T0 =  10.7% vs. T1 =  17.9%; U = 1511.000; p < 0.05) as well as in 
absolute terms (T0 = 2.88 € vs. T1 = 4.53 €; U = 1480.500, p = < 0.05). 
However, these differences could also result from an unequal distribution of subjects with strong (weak) 
purchasing intentions for organic food items between both observed groups. Hereby, we considered 
individuals to have strong organic purchasing intentions if they scored an OPI value of 5 and higher on a 
scale from 1 to 7. Indeed, there are more subjects with strong purchase intentions for organic food items in 
the intervention group (T0 = 37.5% vs. T1 = 53.1%). To control for this imbalance, we conducted two 
separate Mann-Whitney pairwise comparisons for our treatment conditions within the group of subjects 
with weak and strong purchasing intentions for organics (see Table 2). 
For the first group (weak organic purchasing intentions), RSF had a medium-sized and significant effect 
for all four independent variables (p < 0.05). However, in the second group (strong organic purchasing 
intentions) the Mann-Whitney-U-Test showed small but not statistically significant effects of RSF for all of 
the observed independent variables. Overall, the findings do not fully support H3a-H3d. Nevertheless, the 
results indicate that treatment effects are particularly apparent for subjects with low OPI. 
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Discussion and Conclusion 
The aim of our study was to explore the impact of real time spending feedback (RSF) on consumers’ grocery 
spending and (organic) food choices. To this end, we developed an online shopping simulation that allowed 
us to analyze the effects of modifications in the user interface. Within the framework of an incentive 
compatible experiment, we were able to record the real shopping behavior of participants within a realistic 
shopping environment. 
Key result one: In line with Sheehan and van Ittersum (2018) and van Ittersum et al. (2013), we found that 
RSF prevented overspending and significantly reduced underspending. RSF seems to allow budget 
shoppers to remain within and fully utilize their budget more effectively. The positive effects of the 
intervention in reducing their perceived task difficulty (i.e., staying within budget) were clearly tangible for 
the participants. 
Key result two: Confirming previous research, this study demonstrated that having a favorable attitude 
towards organic food and intending to buy it does not necessarily translate into fully organic shopping carts. 
Despite the fact that shoppers preferring organic foods did buy significantly more products of organic 
origin, the overall shopping cart share remained remarking low. Hence, the much-cited intention-behavior 
gap seems to be persistent. 
Key result three: Theoretically, we had assumed that the gap might be mitigated by this digital nudging 
intervention. In this light, it seems surprising that effects become particularly apparent for individuals with 
Code Item Factor 
loading 
Bold values indicate 
loadings on OPI 
Source 
Item based on 
TE I tried extremely hard to keep track of the total price of my shopping cart. - 
van Ittersum et 
al. (2013) 
Task Difficulty (TDI): CR = 0.820; AVE = 0.604 
TD1 The online supermarket supported me to keep track of my spending. 0.838 Donthu and 
Gilliland 
(1996); Davis 
(1989) 
TD2 It was very cumbersome for me to keep track of my total spending. 0.695 
TD3 Overall, I found it easy to keep track of my spending.R 0.797 
Organic Purchasing Intention (OPI): CR = 0.852; AVE = 0.659 
Attitude (ATI): CR = 0.942; AVE = 0.845 0.908  
AT1 I like the idea of purchasing organic food. 0.892 
Paul et al. 
(2016) 
AT2 Purchasing organic food is a good idea. 0.908 
AT3 I have favorable attitude towards purchasing organic versions of foods. 0.957 
Subjective Norm (SDI): CR = 0.912; AVE = 0.777 0.696  
SN1 
Most people who are important to me think I should purchase organic food when doing 
grocery shopping. 
0.901 
Paul et al. 
(2016) SN2 
Most people who are important to me would want me to purchase organic food when 
doing grocery shopping. 
0.930 
SN3 People whose opinion I value would prefer that I purchase organic products. 0.813 
Perceived Behavioral Control (PBCI): CR = 0.782; AVE 0.554 0.824  
PBC1 If it were up to me, I would surely buy organic food. 0.882 
Paul et al. 
(2016) 
PBC2 I see myself as capable of purchasing organic food in the future. 0.685 
PBC3 I have sufficient resources, time, and willingness to purchase organic food. 0.616 
Table 1. Items, Measures, and Factor Loadings 
Notes. All items have been measured on a 7-point Likert scale (1 = “I do not agree at all” and 7 = “I totally agree”). RReverse-Coded Item. 
 Real-Time Spending Feedback (RSF) in Online Supermarkets 
  
 Americas Conference on Information Systems 8 
weak purchasing intentions for organic goods whilst effects for those favorable of organics remain small 
and not significant. 
In light of these results, the question arises why the effects do not translate to the “target group” of 
individuals with already strong OPI. One possible explanation may be rooted in the design of the virtual 
online supermarket: To render the shopping experience as realistic as possible, we mirrored the product 
range of Germany’s leading online supermarket (approx. 5,200 items). Similar to reality, the share of 
organic products was much smaller than that of conventional items (approx. five percent). As a result, not 
every item had a perfect substitute of organic origin. Within certain sub-categories, that might have led to 
a trade-off situation where shoppers had to select between their general attitude towards organic products 
and their product-specific preferences (e.g., yogurt not being available in their favorite flavor and organic 
at the same time). This explanation is in accordance with the results provided by Buder et al. (2014): Using 
a qualitative approach, the authors point out insufficient availability of organic products to be one reason 
for the existence of so-called “regular” organic buyers (i.e., consumers who spent on average less than half 
of their budget for organic products). However, within a free simulation experimental approach it is 
analytically difficult to capture which factor prevails in every single purchasing decision. In one of our 
follow-up experiments, we plan to tackle this analytical difficulty by focusing on the decision-making 
process when it comes to substituting a food item for another. By adapting the product selection to offer 
less variety but more suitable organic alternatives in each (sub) category, we will be able to reduce this 
situational trade-off. 
An alternative interpretation of our key results is that subjects hardly made use of the technical possibilities 
online shopping provides, such as adjusting the shopping cart without much effort and at any time during 
the shopping process. Instead, participants still adopted a “straightforward shopping behavior” similar to 
that in a brick-and-mortar supermarket. In particular, this could be true for customers who have not yet 
had much experience with shopping for groceries online. According to a representative PWC survey, this 
applies to a majority of German consumers (PWC 2019). Consequently, RSF shoppers who realize the extent 
of their left-over budget may not replace products that are already in their shopping cart with other items 
but add further products towards the end of the shopping trip. Moreover, previous studies suggest this left-
Independent Variable Overall Purchasing Intention for Organic Food Items 
Weak Strong 
 
NTotal = 97 
NT0 = 48 
NT1 =49 
NTotal = 53 
NT0 = 30 
NT1 =23 
NTotal = 44 
NT0 = 18 
NT1 =26 
ON: Number of organic food items  MT0 = 1.83 
MT1 = 2.77 
U = 572.000 
p = 0.028** 
d = 0.45 
MT0 = 1.10 
MT1 = 2.09 
U = 254.500 
p = 0.0038** 
d = 0.575 
MT0 = 3.06 
MT1 = 3.38 
U = 212.000 
P = 0.596 
d = 0.159 
OS: Share of organic food items  MT0 = 9.6% 
MT1 = 14.6% 
U = 1483.500 
p = 0.025** 
d = 0.462 
MT0 = 5.9% 
MT1 = 10.8% 
U = 456.500 
p = 0.042** 
d = 0.572 
MT0 = 15.9% 
MT1 = 17.9% 
U = 266.000 
p = 0.444 
d = 0.232 
TS: Total spending on organic food items (€) MT0 = 2.88  
MT1 = 4.53 
U = 1480.500 
p = 0.027** 
d = 0.458 
MT0 = 1.87 
MT1 = 3.09 
U =455.500 
p = 0.044** 
d = 0.566 
MT0 = 4.57 
MT1 = 5.80 
U = 275.500 
P = 0.321 
d = 0.302 
RS: Relative spending on organic food items  MT0 = 10.7% 
MT1= 17.9% 
U = 1511.500 
p = 0.015** 
d = 0.507 
MT0 = 7.1% 
MT1 = 12.5% 
U = 453.000 
p  = 0.049** 
d = 0.552 
MT0 = 16.6% 
MT1 = 22.8% 
U = 290.000 
p = 0.180 
d = 0.411 
Table 2. Results of the Pairwise Comparisons Between Treatments  
Notes: * significant at p < 0.1; ** significant at p < 0.05; *** significant at p < 0.01.  
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over budget is considered a monetary “windfall” and is spend more frivolously for hedonic and relatively 
expensive items consumers would not have bought otherwise (van Ittersum et al. 2013).  Organic food items 
could meet these criteria as purchasing them becomes more and more the expression of a respected 
sustainable lifestyle and they are generally regarded to be expensive yet qualitatively superior (Bravo et al. 
2013). By analyzing the outputs (i.e., the final shopping cart), decision-making happens largely within a 
black box. Future research should move towards a detailed analysis of in-store behavior to scrutinize which 
products are substituted at which stage of the shopping trip and for which alternatives.  
Finally, one must critically reflect on the composition and size of our pure student sample and the respective 
reliability of the results. However, our experimental virtual online supermarket application is easily scalable 
to more representative consumer panels. Future studies should use this opportunity to increase the external 
validity of the empirical results. In sum, this study demonstrates and further underlines the fruitful 
potential of digital nudging to improve individuals’ decisions about grocery purchasing decisions. Utilizing 
the additional freedom that digital environments provide for choice architects, our results show how 
seemingly small interventions can already demonstrate a significant effect on (organic) grocery purchasing 
choices. 
Acknowledgements 
This research was supported as part of (1) “Mobility Opportunities Valuable to Everybody” (MOVE), an 
Interreg project supported by the North Sea Program of the European Regional Development Fund of the 
European Union, and (2) “Animal Welfare in Intensive Livestock Production Systems”, a PhD Program by 
the Ministry of Science and Arts in Lower Saxony, Germany. Furthermore, we would like to thank Alexander 
Rogowski for his support during this research project. 
REFERENCES 
Anesbury, Z., Nenycz-Thiel, M., Dawes, J., and Kennedy, R. 2016. “How do shoppers behave online? An 
observational study of online grocery shopping,” Journal of Consumer Behaviour (15:3), pp. 261-270. 
Aschemann-Witzel, J., Grunert, K. G., van Trijp, H. C. M., Bialkova, S., Raats, M. M., Hodgkins, C., 
Wasowicz-Kirylo, G., and Koenigstorfer, J. 2013. “Effects of nutrition label format and product 
assortment on the healthfulness of food choice,” Appetite (71), pp. 63-74. 
Bénabou, R., and Tirole, J. 2004. “Willpower and personal rules,” Journal of Political Economy (112:4), 
pp. 848-886. 
Benn, Y., Webb, T. L., Chang, B. P. I., and Reidy, J. 2015. “What information do consumers consider, and 
how do they look for it, when shopping for groceries online?” Appetite (89), pp. 265-273. 
Bravo, C. P., Cordts, A., Schulze, B., and Spiller, A. 2013. “Assessing determinants of organic food 
consumption using data from the German National Nutrition Survey II,” Food Quality and Preference 
(28:1), pp. 60-70. 
Buder, F., Feldmann, C., and Hamm, U. 2014. “Why regular buyers of organic food still buy many 
conventional products,” British Food Journal. 
Chandon, P., and Wansink, B. 2012. “Does food marketing need to make us fat? A review and solutions,” 
Nutrition reviews (70:10), pp. 571-593. 
Cohen, D. A., and Babey, S. H. 2012. “Contextual Influences on Eating Behaviors: Heuristic Processing 
and Dietary Choices,” Obesity reviews : an official journal of the International Association for the 
Study of Obesity (13:9), pp. 766-779. 
Cohen, J. 1992. “Statistical power analysis,” Current directions in psychological science (1:3), pp. 98-101. 
Davis, F. D. 1989. “Perceived usefulness, perceived ease of use, and user acceptance of information 
technology,” MIS Quarterly, pp. 319-340. 
Demarque, C., Charalambides, L., Hilton, D. J., and Waroquier, L. 2015. “Nudging sustainable 
consumption: The use of descriptive norms to promote a minority behavior in a realistic online 
shopping environment,” Journal of Environmental Psychology (43), pp. 166-174. 
DiStefano, C., Zhu, M., and Mindrila, D. 2009. “Understanding and using factor scores: Considerations 
for the applied researcher,” Practical Assessment, Research, and Evaluation (14:1), p. 20. 
Donthu, N., and Gilliland, D. 1996. “The infomercial shopper,” Journal of Advertising Research (36:2), 
pp. 69-77. 
 Real-Time Spending Feedback (RSF) in Online Supermarkets 
  
 Americas Conference on Information Systems 10 
Escaron, A. L., Meinen, A. M., Nitzke, S. A., and Martinez-Donate, A. P. 2013. “Supermarket and grocery 
store-based interventions to promote healthful food choices and eating practices: a systematic 
review,” Preventing chronic disease (10). 
Frank, P., and Brock, C. 2018. “Bridging the intention‐behavior gap among organic grocery customers: 
The crucial role of point-of-sale information,” Psychology & Marketing (35:8), pp. 586-602. 
Greiner, B. 2004. “An online recruiting system for economic experiment,” in Forschung und 
wissenschaftliches Rechnen 2003, K.M. Kremer and V. Macho (eds.), Göttingen, pp. 79-93. 
Hartmann-Boyce, J., Bianchi, F., Piernas, C., Riches, S. P., Frie, K., Nourse, R., and Jebb, S. A. 2018. 
“Grocery store interventions to change food purchasing behaviors: a systematic review of randomized 
controlled trials,” The American journal of clinical nutrition (107:6), pp. 1004-1016. 
Heath, C., and Soll, J. B. 1996. “Mental Budgeting and Consumer Decisions,” Journal of Consumer 
Research (23:1), pp. 40-52. 
Huyghe, E., Verstraeten, J., Geuens, M., and van Kerckhove, A. 2017. “Clicks as a Healthy Alternative to 
Bricks: How Online Grocery Shopping Reduces Vice Purchases,” Journal of Marketing Research 
(54:1), pp. 61-74. 
Kahneman, D., and Tversky, A. 1979. “Prospect theory: An analysis of decision under risk,” Econometrica 
(47:2), pp. 363-391. 
Lembcke, T.-B., Engelbrecht, N., Brendel, A. B., and Herrenkind, B. 2019. “Towards a Unified 
Understanding of Digital Nudging by Addressing its Analog Roots,” in Twenty-Third Pacific Asia 
Conference on Information Systems, Xi'An, China. 2019. 
Liberato, S. C., Bailie, R., and Brimblecombe, J. 2014. “Nutrition interventions at point-of-sale to 
encourage healthier food purchasing: a systematic review,” BMC public health (14), p. 919. 
Loewenstein, G., and Lerner, J. S. 2003. “The role of affect in decision making,” Handbook of affective 
science (619:642), p. 3. 
Martín, J., Pagliara, F., and Román, C. 2019. “The Research Topics on E-Grocery: Trends and Existing 
Gaps,” Sustainability (11:2), p. 321. 
Paul, J., Modi, A., and Patel, J. 2016. “Predicting green product consumption using theory of planned 
behavior and reasoned action,” Journal of Retailing and Consumer Services (29), pp. 123-134. 
PWC 2019. “Online-Lebensmittelhandel vor dem Durchbruch in Deutschland (The Advent of Online 
Grocery in Germany),” 
Raghubir, P., and Srivastava, J. 2008. “Monopoly money: The effect of payment coupling and form on 
spending behavior,” Journal of experimental psychology: Applied (14:3), p. 213. 
Reisch, L., Eberle, U., and Lorek, S. 2013. “Sustainable food consumption: an overview of contemporary 
issues and policies,” Sustainability: Science, Practice and Policy (9:2), pp. 7-25. 
Sheehan, D., and van Ittersum, K. 2018. “In-Store Spending Dynamics: How Budgets Invert Relative-
Spending Patterns,” Journal of Consumer Research (45:1), pp. 49-67. 
Shin, J., Qh, H., and Kankanhalli, A. 2019. “Effects of Expert- and User-Generated Evaluations on Food 
Product Choices via a Food Literacy App,” in Fortieth International Conference on Information 
Systems, Munich, Germany. 
Soster, R. L., Gershoff, A. D., and Bearden, W. O. 2014. “The bottom dollar effect: the influence of 
spending to zero on pain of payment and satisfaction,” Journal of Consumer Research (41:3), pp. 656-
677. 
Thaler, R. 1985. “Mental accounting and consumer choice,” Marketing Science (4:3), pp. 199-214. 
Thaler, R. H. 2016. “Behavioral Economics: Past, Present, and Future,” American Economic Review 
(106:7), pp. 1577-1600. 
Thaler, R. H., Sunstein, C. R., and Balz, J. P. 2014. “Choice Architecture,” SSRN Electronic Journal (doi: 
10.2139/ssrn.2536504). 
Turley, L.W., and Milliman, R. E. 2000. “Atmospheric Effects on Shopping Behavior,” Journal of 
Business Research (49:2), pp. 193-211. 
Urbach, N., and Ahlemann, F. 2010. “Structural equation modeling in information systems research using 
partial least squares,” Journal of Information technology theory and application (11:2), pp. 5-40. 
van Ittersum, K., Pennings, J. M. E., Wansink, B., and van Trijp, H. C. M. 2007. “The validity of attribute-
importance measurement: A review,” Journal of Business Research (60:11), pp. 1177-1190. 
van Ittersum, K., Pennings, J. M.E., and Wansink, B. 2010. “Trying Harder and Doing Worse: How 
Grocery Shoppers Track In-Store Spending,” Journal of Marketing (74:2), pp. 90-104. 
van Ittersum, K., Wansink, B., Pennings, J. M.E., and Sheehan, D. 2013. “Smart Shopping Carts: How 
Real-Time Feedback Influences Spending,” Journal of Marketing (77:6), pp. 21-36. 
